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INTRODUCTION 
In the Unites States, beef carcasses are subjectively graded by certified inspectors 
from the United States Department of Agriculture (USDA). The primary factors in 
determining beef quality grades are the amount and distribution (or marbling) of 
intramuscular fat. The intramuscular fat level is estimated by visual inspection of texture 
pattern in a cross-sectional area of the Longissimus dorsi (ribeye) muscle between 12th and 
13th ribs. The four primary grades, from high to low marbling, are Prime, Choice, Select, 
and Standard. There is a growing demand in the meat industry for an objective system of 
evaluating the quality of beef carcasses as well as live animals. With some sort of instrument 
grading system, the beef industry could move towards a long desired goal of value-based 
marketing. 
Recently there has been a growing interest among researchers for application of 
ultrasound for live animal and carcass evaluation. The B-mode ultrasound has been 
successfully used for estimating backfat thickness and rib eye area in cattle, but until 
recently, there has not been much success in characterizing marbling or fat content. Recent 
results are encouraging in use of both A- and B-mode ultrasound techniques for 
characterizing marbling and fat content [1, 2]. 
Deriving quantitative parameters of ultrasound/tissue interaction, such as velocity, 
attenuation, and scattering are difficult in practice. Image processing methods such as 
texture analysis indirectly provide information about the scattering. The intramuscular fat 
deposits cause the ultrasonic waves to scatter. Constructive and destructive interference of 
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waves from various scatterers produces a random graininess, or a textural pattern, in 
ultrasound images. These pattems are affected by scatterer properties such as size, density, 
and distribution. Since the content and distribution of intramuscular fat give a distinct 
texture pattern, it may be objectively estimated by analyzing the texture of ultrasonic 
images. 
A number of methods for quantitative representation of textural information exist in 
literature. Two such methods successfully applied for texture-based image classification are 
the spatial gray-level dependence matrices (SGLDM) [3] and the gray-level run-length 
matrices (GLRLM) [4]. The SGLDM procedure is based on the idea that the texture 
information in an image is contained in the overall spatial relationship which the gray tones 
in the image have to one another. A set of gray-tone spatial-dependence probability-
distribution matrices is computed from a given image block and several textural features are 
extracted from these matrices. These features contain information about such image texture 
characteristics as homogeneity, gray-tone linear dependencies, contrast, number and nature 
of boundaries present, and the complexity of the image. In the GLRLM procedure, gray-
level run-lengths (number of consecutive, collinear image points having the same gray level 
value) are calculated for any given direction and a set of matrices is computed. From these 
matrices, several parameters are extracted which represent the texture patterns in the 
original image block. The usefulness of a parameter (or feature) of the image depends on its 
information content and how sensitive and specific the feature is t? the differentiation or 
characterization problem in question. Approaches using more than one texture parameter 
from ultrasonic images have shown some success in tissue characterization and 
classification. The research objective reported here was to apply multiple regression 
methods to characterize the fat content of the beef muscle from the texture analysis of the 
B-mode ultrasound images. 
MATERIALS AND METHODS 
Data Acquisition 
Ultrasonic B-mode images from four hundred beef carcasses were acquired over a 
period of four months at a commercial packing facility. The cattle resources came from 
Iowa State University's composite beef cattle research program. Figure 1 illustrates the 
system for data-acquisition. A portable real-time ultrasound imaging unit (Aloka 500V by 
Corometrics Medical Systems, Inc., Wallingford, CT) with a 3.5 MHz 12 cm linear array 
transducer was used for B-mode scanning. The images of the Longissimus dorsi (ribeye) 
muscle across 12th and 13th ribs were digitally acquired using a personal computer 
equipped with a frame grabber board. The carcasses were later evaluated by a qualified 
USDA grader to determine the marbling scores. A slice of the same ribeye muscle from 
each carcass at the same location of the 12th and 13th ribs was collected, and the 
percentage of fat (%-fat) was chemically determined by n-hexane extraction. This value of 
%-fat was considered as an actual or known value of the intramuscular %-fat. 
Image Processing 
All the images were transferred to a computer workstation (DEC station 5000 from 
Digital Equipment Corporation, Maynard, MA) for further processing. An optimal region of 
interest (ROI) of size 100 by 100 pixels was selected as shown in Figure 2. A total of 
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Figure 1. Ultrasonic data-acquisition system for B-mode on-line scanning of carcass 
ribeye muscles. 
twenty four textural features for a given image direction were calculated for the ROJ using 
software written in the C programming language. Thirteen of these features were based on 
the SGLDM and eleven were based on the GLRLM. All these parameters were calculated 
for each of the four angles (direction in an image) of 0,45,90, and 135 degrees. 
The SGLDM based features included angular second moment, contrast, correlation, 
variance, inverse difference moment, sum average, sum variance, sum entropy, entropy, 
difference variance, difference entropy, and two measures of correlation. The GLRLM 
based features included short-run emphasis, long-run emphasis, gray-level distribution, run-
Figure 2. Typical ultrasonic B-mode image of the ribeye muscle with region of interest 
between 12th and 13th ribs for texture analysis. 
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length distribution, run percentage, low gray-level run emphasis, high gray-level run 
emphasis, short-run low gray-level emphasis, short-run high gray-level emphasis, long-run 
low gray-level emphasis, and long-run high gray-level emphasis. A detailed description of 
these textural features can be found in references [3] and [4]. 
In addition, parameters were calculated based upon 2-dimensional Fourier analysis 
of the ROI. These parameters provide information about the frequency distribution of the 
speckle or texture components in the ROI. 
Statistical Analysis 
The texture parameters were further analyzed by statistical methods to find optimal 
parameters for development of prediction models for the intramuscular %-fat. All analyses 
were done using SAS (SAS Institute Inc., Cary, NC). First, correlations of the parameters 
with the actual %-fat were calculated as Pearson's product moment correlation coefficients 
(r). The parameters showing significant correlations with %-fat were selected for further 
analysis. The selection of several mutually highly correlated parameters was avoided since 
they would essentially provide similar information about the tissue properties. Next, a 
systematic analysis of the selected parameters was done seeking an optimum combination of 
the parameters such that the regression model gave the maximum coefficient of 
determination (R2) and the minimum residual error (for adequacy of the model) with 
significance level (p value) less than 0.01. For developing models of %-fat prediction, the 
image dataset (395 images) was divided into two groups. The first group with about one 
half of the images was used in the development of the prediction model using multiple 
regression methods. The second group with the remaining half of the images was used for 
validation testing of the prediction models. For validation testing, correlation, regression, 
and residual analyses of predicted versus actual %-fat were done for each model developed. 
RESULTS AND DISCUSSION 
The chemically determined percent fat values were available for 395 ribeye samples; 
these values ranged from 2.0% to 12.0% with mean of 5.45% and standard deviation of 
2.02%. This range included the %-fat values found in the four primary grades of beef 
carcasses. Figure 3 presents differences in texture patterns in images from ribeye muscles 
with different intramuscular %-fat. The selected texture parameters which showed 
significant (p < 0.05) correlations with %-fat values are presented in Table 1. The 
significant SGLDM based parameters included correlation, variance, sum variance, sum 
entropy, entropy, and first and second measures of correlation. Also shown in the table is 
Fourier parameter which showed a high correlation with the actual %-fat. However, there 
were only three GLRLM based texture parameters that showed significant correlations with 
%-fat. These were gray-level distribution, short-run low gray-level emphasis, and long-run 
high gray-level emphasis. The correlation coefficients at different angles of some texture 
parameters varied significantly. This could be a result of oriented texture pattern in 
muscular tissue. For such parameters, the values at each angle were included in 
development of the regression models. 
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Figure 3. Ultrasonic B-mode images from four ribeye muscles with different percentage of 
intramuscular fat. 
Table 1. Person's Correlation coefficients of selected image-texture parameters with actual 
%-fat values for 395 ribeye muscles. (All coefficient values were significant at p < 0.01 
level.) 
Texture Parameter Correlation Coefficient 
Correlation -0.53 
Variance -0.47 
Sum Variance -0.49 
Sum Entropy -0.48 
Entropy -0.30 
Fourier Parameter 0.56 
Table 2. Important statistics of validation testing of the regression model for percentage fat 
prediction using 193 images in the 'testing' group. (Statistical values are for predicted O/O-fat 
versus actual O/O-fat.) 
Pearson's product moment corr. coeff. 0.79 
Spearman's rank correlation coefficient 0.75 
Coefficient of determination (R2) 0.63 
Root-mean-square-error, in O/O-fat 1.21 
Regression slope 1.07 (p < 0.001) 
Regression intercept, in %-fat -0.29 (p > 0.1) 
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Table 2 presents important statistical parameters of the validation testing for 
predicted versus actual %-fat. The regression model was developed using parameters from 
202 images in the 'training' group and was applied for prediction of %-fat to 193 images in 
the 'testing' group. This model used 17 variables all together and included 11 different 
texture parameters, some at more than one angle. The correlation (Pearson's product 
moment coefficient) between the predicted and the actual %-fat was 0.79. The regression 
slope was 1.07 and intercept was close to 0 which shows that there was no significant bias 
in prediction. The coefficient of determination was 0.63 which indicates that about 63% of 
the variations in the %-fat is explained by the model. The root-mean-square-error (RMSE) 
was 1.21 %-fat for the range of 2.0-12.0 %-fat. The RMSE gives an indication of accuracy 
of the prediction and suggests that one standard deviation or about 67% of the future 
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Figure 4. Cumulative frequency versus absolute error of %-fat prediction for validation 
testing group of 193 images. 
predictions would fall within 1.21 of the actual %-fat. This is more clearly illustrated in 
Figure 4 where cumulative frequency is plotted for progressively increasing ranges of 
prediction error (residuals or absolute difference between predicted and actual %-fat). The 
residual analysis showed good accuracy in predicting the percentage fat in the validation 
testing group of images. The model predicted %-fat to within 1.5 %-fat (i.e., 1.5 lower or 
higher than the actual %-fat value) in about 79 percent of the images. Also, from about 59 
percent of the images, %-fat values were predicted to within one %-fat and there were only 
a few images for which %-fat values were predicted with error of more than 3.0 %-fat. 
The prediction results are very encouraging and further validation testing of such an 
approach is being conducted at a commercial packing facility. The first prototype system for 
on-line carcass quality evaluation has been built using a real-time scanning unit and a 
computer. 
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Table 3. Correlation of selected A-mode parameters with %-fat for 295 ribeye muscles. 
(All coefficient values were significant at p < 0.01 level.) 
A-mode Parameter Correlation Coefficient 
Kurtosis parameter -0040 
Peak spectral frequency -0.33 
Spectral6-dB low-freq -0.31 
Attenuation coefficient 0.25 
A-MODE ULTRASOUND SCANNING AND RESULTS 
In three sessions of on-line carcass scanning, A-mode ultrasound data (rf or 
backscattered signals) from more than 300 ribeye muscles were acquired with a personal 
computer based system. Signal processing techniques were applied for extracting 
parameters for characterizing intramuscular %-fat. Some of the results are presented in 
Table 3. 
The Kurtosis parameter was calculated as the fourth central moment of a random 
variable sequence which in this case was the filtered and gain-compensated A-mode signal. 
It practically measures the peakedness of the signal. The parameters peak frequency and 6-
dB low-frequency cut-off were measured on the spectrum of a gated backscattered signal 
and attenuation coefficient was calculated using the log-spectral-difference method from the 
spectra of shallow and deep signal-segments. These parameters give an indication of the 
frequency-dependent attenuation as it relates to the varying content of intramuscular fat. 
More details on A-mode data-acquisition and signal processing to characterize 
intramuscular %-fat is included in [5]. 
CONCLUSION AND FUTURE RESEARCH 
A method has been developed to estimate intramuscular %-fat in the ribeye muscle 
of beef carcasses using texture analysis of real-time ultrasound images. Potential 
applications include an objective method of on-line beef quality evaluation. A similar 
approach for live animal evaluation is being studied for sorting feedlot cattle and evaluating 
body composition in young animals for breeding purposes. 
A-mode ultrasound also showed good potential for characterization of intramuscular 
%-fat. Kurtosis, attenuation and spectral parameters were correlated well with actual 
intramuscular %-fat. Development of even better and robust ultrasound parameters for 
tissue characterization using techniques in signal and image processing is in progress. 
Recently, investigations in application of ultrasound for evaluating tissue elasticity and meat 
tenderness have been initiated [6] as essential steps towards a goal of providing a complete 
quality evaluation solution to the beef industry. Eventually, successful algorithms and 
technologies will be integrated into a computerized ultrasound system under development at 
Iowa State University. 
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